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Abstract
In this note we illustrate the application of the method proposed by Machado,
Santos Silva, and Wei (2015) using an example where the dependent variable has
a lower bound at zero but no upper bound.
Cameron and Trivedi (2009) use data from the 2001 wave of the Medical Expenditure
Panel Survey to illustrate the estimation of di¤erent models for corner-solutions data.
This dataset contains 3328 observations on employed individuals aged between 21 and
64 who are covered by private health insurance, and is a subset of the data used by Deb,
Munkin and Trivedi (2006). Here, these data are used to illustrate the application of
the method proposed by Machado, Santos Silva, and Wei (2015) in the case where the
dependent variable has a lower bound at zero but no upper bound.
The variate of interest in the models considered by Cameron and Trivedi (2009) are
the ambulatory expenditures (AmbExp).1 As is typical with this kind of data, AmbExp
has a very skewed distribution, and it is equal to 0 for about 16% of the observations. As
in Cameron and Trivedi (2009), we will consider six covariates: Age, age in years divided
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1To facilitate the estimation in Stata (2013) we use AmbExp in thousands of dollars.
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by 10; Female, a dummy variable equal to 1 for females, being zero otherwise; Educ,
years of schooling of decision maker; BlHisp, a dummy variable equal to 1 for blacks or
hispanics, being zero otherwise; TotChr, number of chronic diseases; and Ins, a dummy
variable equal to 1 if the individual has either a preferred provider organization (PPO) or
a health maintenance organization (HMO) type insurance, being zero for individuals with
less restrictive fee-for-service (FFS) plans. Further information on the data, including
descriptive statistics, is provided in Cameron and Trivedi (2009) and in Deb, Munkin
and Trivedi (2006).
Cameron and Trivedi (2009) estimate several models for AmbExp, including a sample
selection model (Heckman, 1979) of the form
Pr (AmbExp > 0jx) = Pr (x0 + e1 > 0jx) ;
ln (AmbExp) = x0+ e2, for AmbExp > 0
where x denotes the vector of covariates and e1 and e2 are random disturbances as-
sumed to follow a bivariate normal distribution with correlation  and Var (e1) = 1 and
Var (e2) = 
2. Models of this type have often been used to describe medical expen-
ditures (see Duan et al., 1983, or Jones, 2000, for a survey), but they rely heavily on
strong distributional assumptions. It is, therefore, interesting to consider the estimation
of conditional quantiles of AmbExp, which can provide information on the impact of
the covariates on di¤erent features of the conditional distribution of interest using only
relatively mild assumptions.
To model the quantiles of AmbExp we follow Machado, Santos Silva, and Wei (2015)
and specify
QAmbExp (jx) = max f0; exp (x0)  g , (1)
where, as in Cameron and Trivedi (2009), x0 has the form
x0 = 0 + 1Age + 2Female+ 3Educ + 4BlHisp + 5TotChr + 6Ins.
Table 1 displays the estimated parameters and corresponding standard errors for all
the models.2 As a benchmark, Table 1 also includes the estimates obtained using the
2As in Machado, Santos Silva, and Wei (2015), estimation was performed using the BFGS algorithm
as implemented in the ml command in Stata (StataCorp., 2013); version control was used to run the code
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Table 1: Parameter estimates
Quantile regression Sample Selection
 = 0:25  = 0:50  = 0:75 1st part 2nd part
Intercept  0:338  0:139 1:179  0:724  1:870
(0:384) (0:313) (0:593) (0:192) (0:226)
Age 0:045 0:077 0:065 0:098 0:212
(0:014) (0:018) (0:027) (0:027) (0:023)
Female 0:163 0:181 0:109 0:644 0:350
(0:041) (0:043) (0:047) (0:060) (0:060)
Educ 0:017 0:019 0:010 0:070 0:019
(0:005) (0:006) (0:005) (0:011) (0:011)
BlHisp  0:101  0:124  0:079  0:373  0:220
(0:033) (0:031) (0:037) (0:062) (0:059)
TotChr 0:247 0:312 0:194 0:795 0:541
(0:042) (0:032) (0:068) (0:071) (0:039)
Ins 0:030 0:012  0:030 0:182  0:030
(0:024) (0:021) (0:019) (0:063) (0:051)
 1:071 1:259 3:885  
(0:338) (0:305) (2:076)  
     1:271
    (0:018)
     0:124
   (0:144)
Objective function 1042:188 1772:311 1963:860  5838:397
R2 0:153 0:157 0:163 0:139
Standard errors in parenthesis: misspecication robust for quantile regressions; Hessian
based for the sample selection model.
selection model considered by Cameron and Trivedi (2009, p. 559). The most noteworthy
feature of the results in Table 1 is that the estimates of  increase with . In spite of this,
and because the intercept also increases with , the proportion of observations for which
QAmbExp (jx) is equal to zero decreases as  increases. Indeed, for  2 f0:25; 0:50; 0:75g,
with the default convergence criteria for Stata 11. This is needed because from Stata 12 the convergence
criteria for the BFGS algorithm uses the Hessian of the objective function.
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Table 2: Average partial e¤ects
Quantiles Mean
 = 0:25  = 0:50  = 0:75
Age 0:050 0:150 0:365 0:387
(0:015) (0:023) (0:069) (0:043)
Female 0:183 0:353 0:603 0:736
(0:024) (0:042) (0:078) (0:077)
Educ 0:019 0:037 0:054 0:049
(0:006) (0:009) (0:013) (0:018)
BlHisp  0:106  0:235  0:430  0:444
(0:028) (0:040) (0:073) (0:087)
TotChr 0:274 0:607 1:069 1:112
(0:053) (0:119) (0:100) (0:077)
Ins 0:034 0:023  0:162  0:010
(0:026) (0:043) (0:073) (0:088)
Standard errors in parenthesis: misspecication robust for
quantile regressions; Hessian based for the sample selection
model.
the estimated values of QAmbExp (jx) are equal to zero for about 22:9, 4:9, and 1:1
percent of the observations, respectively.
As for the e¤ects of the covariates, the results in Table 1 are not very informative be-
cause all the models have di¤erent functional forms and therefore the coe¢ cient estimates
are not directly comparable. To overcome this problem, Table 2 presents the average
across the entire sample of the partial e¤ects of each of the regressors on QAmbExp ( jxij),
and on the conditional mean implicit in Heckmans sample-selection model (see Cameron
and Trivedi, 2009, p. 563, for details).3
The results in Table 2 show that the partial e¤ects of the regressors vary widely
across the di¤erent conditional quantiles, generally increasing (in absolute value) with
. Therefore, looking only at the partial e¤ects on the conditional mean, which in this
3The partial e¤ects for binary an non-binary variables are computed as usual (see, e.g., Wooldridge,
2002, p. 15).
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example are generally close to those obtained for  = 0:75, may give a very incomplete
picture of how the covariates a¤ect the conditional distribution of the AmbExp.
As in Deb, Munkin and Trivedi (2006), it is particularly interesting to consider the
e¤ect of the type of insurance plan on AmbExp.4 The results in Table 2 show that
Ins has a small and statistically insignicant e¤ect on the conditional mean and on the
rst two conditional quartiles, but has a sizable and statistically signicant e¤ect on the
third conditional quartile. These results suggest that having the more restrictive HMO
or PPO insurance plans has little e¤ect on most of the distribution, but has a strong
negative e¤ect on its upper tail, which however is not enough to generate a signicant
e¤ect on the mean implied by the sample selection model. These ndings are also very
di¤erent from what could be inferred from the sample selection results presented in
Table 1, which suggest that Ins is only signicant in going from a zero to a positive
expenditure. Therefore, the selection model and the implied conditional mean mask
the very di¤erent e¤ects that changes in Ins have on di¤erent areas of the conditional
distribution of AmbExp.
Although perhaps less striking, the results for other covariates also conrm that fo-
cusing on the partial e¤ects on the conditional mean provides an incomplete, and even
somewhat misleading, picture of the e¤ects of the covariates on the conditional distrib-
ution of interest.
Finally, we note that for this dataset the linear specication used by Powell (1984,
1986) for censored quantile regression leads to higher values of the objective function
and fails to reveal that Ins has a signicant e¤ect in the third quartile. These results
suggest that in the context of corner-solutions data, the proposed non-linear model can
have important advantages over a specication with constant marginal e¤ects.
4Deb, Munkin and Trivedi (2006) consider the possible endogeneity of Ins but do not reject the null
hypothesis of exogeneity.
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